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Abstract: Many remote sensing studies do not distinguish between natural and planted forests. We
combine C-Band Synthetic Aperture Radar (Sentinel-1, S-1) and optical satellite imagery (Sentinel-
2, S-2) and examine Random Forest (RF) classification of acacia plantations and natural forest in
North-Central Vietnam. We demonstrate an ability to distinguish plantation from natural forest,
with overall classification accuracies of 87% for S-1, and 92.5% and 92.3% for S-2 and for S-1 and S-2
combined respectively. We found that the ratio of the Short-Wave Infrared Band to the Red Band
proved most effective in distinguishing acacia from natural forest. We used RF on S-2 imagery to
classify acacia plantations into 6 age classes with an overall accuracy of 70%, with young plantation
consistently separated from older. However, accuracy was lower at distinguishing between the older
age classes. For both distinguishing plantation and natural forest, and determining plantation age, a
combination of radar and optical imagery did nothing to improve classification accuracy.
Keywords: natural forest; acacia plantation; Random Forest; Synthetic Aperture Radar (SAR);
Sentinel-1; Sentinel-2; satellite
1. Introduction
The global area of forest plantations increased from 167 Mha in 1990 to 278 Mha in
2015 [1]. Forest plantations can reduce logging pressure on natural forests through provid-
ing an alternative source of timber. However, conversion of natural forest to plantation is a
major driver of forest loss [2]. Assessments [3] of forest cover often make no distinction
between natural forest and planted forest, so that countries can report increased forest area
despite the ongoing loss of natural forest and conversion of natural forest to plantation.
Natural forests and plantation forests differ in their ability to store and sequester carbon [4],
and to support biodiversity [5–7], and local livelihoods [8]. An ability to distinguish plan-
tation and natural forests using remote sensing would be of great value by allowing the
accurate monitoring of natural forest loss and plantation expansion.
In Vietnam, while forest cover has increased since 1993, most of the increased area
consists of plantation forests, with natural forests suffering further conversion, degradation
and fragmentation [9]. In particular, acacia plantations, consisting principally of Acacia
mangium and clonal A. mangium x A. auriculiformis hybrid, have expanded in recent decades,
from 66,000 ha in 1992 to > 1,000,000 ha by 2013 [10].
Remote sensing of forest changes using visual, near-infrared (NIR) and short wave
infrared (SWIR) parts of the spectrum has a long-established history. Sentinel-2 images
with 13 visible, near infrared and short wave infrared bands, and a revisit time of 5 days,
have become a popular choice for forest monitoring [11]. However, cloud cover is a major
drawback of optical sensors, with both cloud and cloud shadows leading to gaps in time
series data, and affecting monitoring activity. This is especially problematic in humid
tropical and sub-tropical regions.
Sentinel-1 was launched in 2014, and now consists of 2 polar-orbiting satellites with
a C-Band Synthetic Aperture Radar (SAR) imaging system. In Vietnam ascending and
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descending orbits have a repeat time of 12 days, giving an overall 6 day repeat time that,
unlike optical sensors, is largely unaffected by weather conditions. The SAR backscatter
varies with the wavelength, polarization and incidence angle of the SAR signal. In addition,
SAR imagery from forest areas is dependent on the electrical properties and internal and
external moisture content of the vegetation. The forest’s 3-dimensional structure, such
as the roughness, size and orientation of the leaves and branches also affects the SAR
backscatter. In the dense humid tropical canopies of Vietnam, the 5.5 cm wavelength signal
of Sentinel-1 will have limited penetration of the canopy [12,13].
The dependence of S-1 backscatter on vegetation’s physical properties contrasts with
a greater dependence on biochemical traits from optical sensors like S-2. Therefore, these
two sensors can usefully complement each other. A number of studies have used satellite
imagery both optical [14,15] and radar [16–18] and combined optical and radar [19–23] to
identify plantation areas, chiefly in Malaysia, Indonesia, and China and largely focused
on palm oil, acacia and rubber plantations. Classifying acacia plantations has proved
problematic in another study due to their short life-cycle [18].
In the tropics, acacia plantations are often managed on very short (less than 5 year)
rotations. However, there has been a recent push by the Vietnamese government [24,25]
and certification bodies to switch to longer-term rotations, in an attempt to convert acacia
plantation from woodchip to sawlog markets. Plantation age has important impacts on
carbon storage [26] and species richness [27]. For example, 2 studies in Malaysia [28,29]
found the number of bird species significantly increasing with age for 2, 5 and 7 years
old acacia plantations. The 2 years old plantations were dominated by open-habitat and
scrubland species, but mature acacia contained about 50% of the primary forest species,
albeit lacking the more specialized and uncommon taxa. Determination of plantation
age could therefore be useful to conservationists, landowners and for land-use planning
purposes by allowing for an effective accounting of resource availability.
Here we explore the use of radar and optical imagery to distinguish between natural
and plantation forests throughout the plantation lifecycle. Our overall method of approach
was to initially produce S-1 and S-2 time-series for natural forest and plantation for the
period mid-2015 to mid-2020. These time-series would then be used to make a more
informed judgement about what features to include in our classification model. Our study
focuses on North-Central Vietnam, where there has been a large increase in plantation
forests. We address the following questions:
• What is the classification accuracy of Sentinel-1 (SAR), Sentinel-2 (optical) and S-1 and
S-2 combined for distinguishing natural forest and acacia plantation?
• Can acacia plantation age be accurately classified?
2. Materials and Methods
2.1. Study Site
The study area (E106◦17′ to 106◦56′–N16◦43′ to 17◦32′) covers about 2100 km2 in
the southern part of the province of Quang Binh and the northern section of Quang Tri
province in North-Central Vietnam (see Figure 1). This site lies in the WWF ecological zone
and the Reduced Emissions from Deforestation and Degradation (REDD) sub-region “West
mountain Range of Binh Tri Thien” [30]. The altitude varies from 20 m in the east to 1000 m
along the border with Laos in the west, with a maximum of 1770 m. There is a tropical
monsoon climate, with a rainy season for the last six months of the year, and a short dry
season from March to June [31].
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Figure 1. Map of study area. Khe and Bac indicate boundaries of the Khe Nuoc Trong and Bac Huong Hoa Nature Reserves
respectively, both within the study area. Elevation (sourced from Shuttle Radar Topography Mission data) is indicated as
shading from dark green (just above sea level) to white (1500 m).
The natural forest consists of tropical lowland evergreen broadleaved rain forest below
1000 m, and tropical evergreen mid-montane rain forest above. There is no virgin forest
left within the study area, with all the natural forest affected to a varying degree by war,
resource extraction and logging for high value timber. In many areas the natural forest is
secondary forest, developing after cessation of agriculture. A Birdlife Report [32] gives a
detailed overview of the remaining natural forest.
The area includes the Bac Huong Hoa and Khe Nuoc Trong Nature Reserves. The Key
Biodiversity Area of Truong Son covers most of the study area.
. . ata o rces
. . . Se ti el-1 ta
e e ti el-1 ata se as t e e el-1 r a e etecte ( ) I terfero-
etric ide S ath (I ) product downloaded from https://scihub.copernicus.eu/. These
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GRD images consist of VV (vertical send and vertical receive) and VH (vertical send and































































Figure 2. Flowchart of pre-processing carried out on Sentinel images. Abbreviations: GLCM: Grey–Level Co-Occurrence
Matrix, SRTM: Shuttle Radar Topography Mission, NDI: Normalised Difference Index, RVI: Radar Vegetation Index, RSI:
Radar Squared Index, CR: Cross-Ratio, NBR: Normalised Burn Ratio, SRR: Short-wave Infrared-Red Ratio.
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For the Random Forest classification we used one descending image from 11 February
2018 in the study. This date was chosen to correspond closely as possible with a clear
Sentinel-2 image. Orbital correction, calibration, speckle filtering (Lee-Sigma filter), terrain
flattening and terrain correction were applied to all S-1 images (see Figure 2). Both terrain
flattening and correction was carried out using 1 arcsecond Shuttle Radar Topography
Mission (SRTM) data. This results in 2 features: the VV and VH polarized backscatter
values (in decibels, dB). Over the study area incidence angle for a descending orbit ranged
from 39.8 to 44.2◦. Relative orbit number was 18.
2.2.2. Sentinel-2 Data
All the forest, both natural and plantation, in the study region is evergreen, and
variation in the vegetation over the year should be minimal. Nonetheless, we decided to
test if the use of multiple images could improve classification accuracy. Accordingly in our
S-2 classification we tested accuracy in the winter period, shortly after the end of the wet
season, and accuracy in the summer period, towards the end of the study area’s dry period.
Our study area was covered by two S-2 granules (QXD and QXE). Therefore for
the Random Forest classification we downloaded a total of 6 images as Level-1C Top-of-
Atmosphere reflectance products: the ‘winter’ QXD and QXE S-2 image from 15 February
2018 (https://scihub.copernicus.eu/): (“S2A_MSIL1C_20180215TO31821_NO206_R118_T4
48QXD_20180215TO83955.SAFE” and S2A_MSIL1C_20180215T031821_N0206_R118_T48Q
XE_20200228T115658.SAFE”), a QXD and QXE ‘summer’ image from 16th May, and a QXD
and QXE ‘summer’ image from 30 June 2018. Persistent cloud cover over the study area
in summer 2018 meant that we needed images from 2 different dates to create a single
cloud-free image. The 16th May images were largely cloud-free and therefore classed as the
‘master’ images, with the June images used only to fill in any areas that were cloud-covered
in the May image.
The ten bands with 10 m (Bands 2, 3, 4 and 8) and 20 m (Bands 5, 6, 7, 8A, 11 and 12)
resolution were used in the study. First we applied atmospheric and terrain correction
using ESA’s Sen2Cor software [33]. Secondly we resampled all bands to 10 m resolution
using bicubic interpolation (see Figure 2).
2.2.3. Ancillary Data
Other studies [34–36] have successfully used ancillary data to boost classification
accuracies. Ancillary data used in this study was: elevation (from 1 arc-second SRTM),
slope (derived from 1 arc-second SRTM) and distance to population. A 10 m resolution
raster map was produced using Quantum GIS (QGIS) [37] from shapefiles of village location
provided by the Ministry of Agriculture and Rural Development (MARD), with distance to
population for each shapefile defined as the linear distance from the centre of the village to
the centre of the forest shapefile.
Across the study area plantation covered 44,000 ha across 11809 shapefiles. Natural
forest covered 170,000 ha across 9365 shapefiles. Natural forest is typically found on higher,
steeper, more remote terrain (mean elevation, mean slope and distance to nearest village




It was important to get a better idea of what vegetation indices would be most helpful
in distinguishing plantation and natural forest. We were also interested in how the age
of the plantation affects radar backscatter, spectral bands and classification accuracy. We
therefore produced a time series of the S-1 and S-2 imagery of the study area, ranging in
date from 27 February 2015 to 24 June 2020 for S-1 and from 10 August 2015 to 24 June 2020
for S-2. For the S-1 time-series we used 34 descending images, and for the S-2 time-series
we used 22 S-2 images.
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We used S-2 RGB (Red-Green-Blue, comprising S-2 bands B4, B3 and B2) imagery to
select 10 plantation areas that were harvested between 6 April 2016 and 6 May 2016 and for
these areas computed mean band values for all the S-1 and S-2 images. Acacia harvesting is
obvious and unmistakable in the visible wavelengths. To act as a control, we also computed
mean band values for 10 nearby natural forest areas. To act as a further control we selected
5 areas of natural forest and 5 areas of nearby acacia plantation that were not harvested
in our study period of March 2015–June 2020: these acacia areas were rare examples of
long-rotation (10 year) acacia plantation, having been last harvested in 2010.
In total, therefore, we have 4 time-series: an S-1 time-series and its control, and an S-2
time-series and its control. From these S-1 and S-2 time-series we can see how band values
change in the years following harvesting, and which bands vary most between plantation
and natural forest.
2.3.2. Sentinel-1 Processing
SAR imagery differs not only in intensity but also in texture (spatial variation). Texture
is a quantative measurement of the relationships of pixels with neighbouring pixels, often
used to improve the accuracy of land-use classification studies. We might expect the
texture of a planted forest of regularly spaced trees of the same age to differ from that of
natural forest. Accordingly, we chose the most frequently used of the texture measures: the
Grey-Level Co-Occurance Matrix (GLCM) [38], which describes the frequency with which
different pixel intensity values occur in an image. The following GLCM textural features
were computed: Contrast, Dissimilarity, Homogeneity, Angular Second Moment, Energy,
Maximum Probability, Entropy, GLCM Mean, GLCM Variance and GLCM Correlation.
These textural features are useful in improving classification accuracies by extracting
intensity variations using the values of neighbouring pixels. These features were calculated
for all images and both polarisations (VV and VH) for all angles, with a window size
of 9 × 9, 32 quantization levels and a pixel displacement of 1. Choice of window size
can be important in producing the most useful texture measure. Two forest classification
studies [39,40] found larger window sizes gave the best classification performance. Further,
it has been suggested [41] that while small window sizes are better-suited to heterogeneous
environments with high local variance, larger window sizes are appropriate for more
homogenous areas. Given our study area consists largely of thick and uniform canopy
cover we therefore decided a large (9 × 9) window size was the most appropriate choice.
All Sentinel pre-processing was carried out using the European Space Agency (ESA) SNAP
software [42].










These indices have been proved to be effective in earlier work classifying plantation
and natural forest [23,43,44]. Further, we used a form of the radar vegetation index





Here higher values indicate higher vegetation presence.
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Based on the results of the S-1 time-series produced (see Section 2.3.1 above), we also







We used the results from the time-series (see Section 2.3.1 above) to select 2 vegetation





and second, we formulated an index which should maximise the difference between
plantation and natural forest throughout the lifecycle: the simple ratio of the Short-Wave





We also computed the ratio of the 10 bands of the summer and winter image. This
gave us 10 ratios that we refer to as seasonal ratios: so that, for example, the seasonal ratio






Random forest (RF) [47] is a popular and powerful machine learning technique that
has been widely used for forest classification studies [48–51]. Advantages include its
insensitivity to noise, and the ability to handle large numbers of input features, and to
estimate the importance of these features. These qualities make it a good choice for multi-
source input data, and its accuracy at land-use classification has generally been found to be
roughly comparable [52–55] to competitors such as Support Vector Machine (SVM) [56] and
Convolutional Neural Networks (CNN) [57]. Additionally, RF is relatively insensitive to
the values of its free parameters, as opposed to CNN and SVM which require considerable
fine-tuning, therefore making RF quick and easy-to-use.
We used an object-based approach (as opposed to a pixel-based classification), with the
mean and standard deviation of the bands and their associated indices and textural mea-
sures within a forest polygon used for the analysis. We used RF to analyse the separability
of two different land cover types, so that shapefiles were classified as either plantation, or
natural forest. RF classification was carried out using scikit-learn package in Python [58].
The training set was composed of 15868 shapefiles, or 70% of total shapefile number,
with the testing carried out on the remaining 30% (5306 shapefiles), as recommended
by [59]. The number of trees built was set at 500 and the maximum number of features used
in an individual tree was the square root of the total feature number. Feature importance
was calculated by mean decrease impurity. The analysis was run in three separate cases:
for S-1 on its own, for S-2 on its own and for S-1 and S-2 combined.
We report User’s Accuracy (how reliable is the map i.e. how often forest identified
as, for example, plantation in our model is actually present on the ground), Producer’s
Accuracy (how well is the situation on the ground mapped i.e. how often is say, plantation,
on the ground correctly identified as such by our model) and Overall Accuracy (how often
all our forests were identified correctly). We use a 2-proportion Z-test [60] to compare the
proportions of correctly classified shapefiles between the pairs of interest: for example,
comparing classification results using S-1 imagery and classification results using S-2
imagery. This tests the null hypothesis of no difference between the proportion of correctly
classified shapefiles of each pair. Furthermore, we use McNemar’s test [61] for marginal
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homogeneity of the contingency table—in other words if the disagreements in classification
between the 2 cases match. For both tests we report the χ2 value and associated p value,
with a statistically significant difference defined at the 5% level.
2.3.5. Plantation Age
Landsat data was used to calculate the age of plantation stands in the study area. We
downloaded all the Landsat 5, 7 and 8 images with cloud cover less than 70% for Path/Row
125/48 and 126/48 from January 2009 to February 2018: 72 Landsat-8, 136 Landsat 7 and 34
Landsat 5 images. For this portion of the paper, we selected the plantations in the mid-east
of our study area, to the North and east of the KNT reserve, as they lie underneath the
overlap of the Landsat image swaths, effectively doubling the coverage, as we get an image
of the area from Path/Row 125/48, and then the following day an image from Path/Row
126/48. The inset map of Figure 1 shows the Landsat overlap where the plantation subset
used for this section of the paper was located.
The ‘pixel-qa’ layer was used to remove cloud and cloud-shadow pixels. Since this
layer frequently misses cloud, especially small isolated clouds, broken clouds and the
edges of cloud banks, we also manually inspected the RGB bands of all these images and
removed any clouds that were still present. The weak spot in our time-series was from
mid-2011 to mid-2013, the period when Landsat-5 had finished and Landsat-8 was still not
operational, leaving only imagery from the partially functional Landsat-7. The Normalised
burn ratio (NBR) is the difference between NIR and SWIR reflectance divided by their sum
(Equation (5)). A threshold value of NBR of below 0.25 was used to indicate plantation
harvesting [62,63]. Landsat processing was carried out using Python.
Adjacent Landsat pixels that were classed as being harvested in the same year were
grouped together into patches, and the patch boundaries converted into shapefiles, with
the time since the most recent harvest used as the age of each shapefile. The shapefiles were
classified into 6 groups: <6 Months, 6 Months-1 Year, 1–2 Years, 2–3 Years, 3–5 Years and
5–9 Years. The median band and derived indices were calculated using the 15th February
2018 Sentinel-2 image and the 11th February 2018 Sentinel-1 image for all shapefiles over





Harvest causes a significant reduction in backscatter, with mean ± standard deviation
values for the VH band falling from −12.1 ± 0.6 dB pre-harvest to −14.5 ± 1.2 dB immedi-
ately after harvest (see Figure 3). Similarly, for the VV band, values fell from −6.9 ± 0.7 dB
to −8.6 ± 1.2 dB. For both bands the value immediately post-harvest is about a third of the
value in the natural forest areas. In distinguishing plantation from natural forest the VV
band should be more important than the VH throughout the lifecycle, with the exception
of immediately following harvest, when both VH and VV backscatter is significantly lower
than for natural forest.
3.1.2. Time-Series—Sentinel-2
Harvest causes an increase in visual and SWIR bands, which slowly declines as the
plantation darkens as it gets older (Figure 3). The larger difference in the visual band ratio
between the summer months (0.65 to 0.75) compared to the winter months (0.85 to 0.95)
(Figure 3d), suggest that plantations are more distinct from natural forest in the summer
months. This suggests a higher classification accuracy will be achieved from summer
images compared to winter images in the Random Forest analysis. The shift in the ratio
between summer and winter is driven by a greater increase in the reflectance of the natural
forest band values than plantation forest in the summer.
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Figure 3. A time series from 2015 to 2020 showing the ratio of the mean plantation band values to the mean natural forest
band values for a group of plantations harvested in April 2016 (a,c) and a control group that was not harvested in the study
period (b,d), for both Sentinel-1 (a,b) and Sentinel-2 (c,d). Shaded red vertical column shows period in which the selected
plantations were harvested. For clarity we do not show all the S-2 bands: only the visual bands (blue (B2), green (B3) and
red (B4)), two Near Infra-red (NIR) bands (B5 and B7) and a short-wave infrared (SWIR) band (B12) are shown. The other
NIR bands (B6, B8, B8A) behave similarly to B7. The other SWIR band (B11) behaves similarly to B12.
3.2. Natural Forest and Pl ntation Classification Accuracy
The confusion matrices for selected pre-processing and classification steps can be seen
in Table 1. Figure 4 shows the top 10 features for selected images and pre-processing steps.
Figure 5 gives a map of the RF classified shapefiles.
Table 1. Confusion matrices for (a) Sentinel-1 only (b) Senti el 2 only and (c) Sentinel 1 and 2
combined Random Forest classifications of natural and plantatio forest. The bold text denotes
corr ct cl ssifications and the verall accuracy.







Classification Natural Plantation Total User’s (%)
Natural 2061 391 2452 84.1
Plantation 287 2567 2854 89.9
Total 2348 2958 5306
Producer’s (%) 87.8 86.8
Overall accuracy (%) 87.2







Classification Natural Plantation Total User’s (%)
Natural 2134 183 2317 92.1
Plantation 214 2775 2989 92.8
Total 2348 2958 5306
Producer’s (%) 90.9 93.8
Overall accuracy (%) 92.5







Classification Natural Plantation Total User’s (%)
Natural 2130 190 2320 91.8
Plantation 218 2768 2986 92.7
Total 2348 2958 5306
Producer’s (%) 90.7 93.6
Overall ccur cy (%) 92.3
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Figure 4. Bands contribution for Random Forest classification (top 10 features shown) for (a) Sentinel-1 only, (b) Senti el-2
only (c) Sentinel-1 and 2 combined. Abbreviations s follows: Elev—Elevation, Dis—Dissimilarity, Con—Contrast, H mo—
Homogeneity, Ent—Entropy, Corr—Correlation, Va —Variance, NDI—Normalised Difference Index, CR—Cross Ratio., wsb
is ratio of winter and summer bands. Underscore indicates GLCM feature for S-1 or winter image for S-2. For both S-1 and
S-2 asterix * indicates standard deviation of given feature.
3.2.1. Natural Forest and Plantation Classification Accuracy: Sentinel-1
Backscatter intensity of both VH and VV bands (mean ± standard deviation) was
lower for acacia plantation (−12.6 ± 1.1 dB and −7.22 ± 1.1 dB) than for natural forest
(−12.2 ± 0.8 dB and −6.22 ± 0.93 dB). Random forest classification was largely successful
in distinguishing plantation from natural forest, with user’s and producer’s accuracies
of greater than 84% (Table 1(a)). Use of GLCM features, ancillary data and derived radar
band indices was essential, as using just the VV and VH bands on their own gave an
overall accuracy of just 77%. For comparison, the use of ancillary data (elevation, slope and
distance to village) on its own gave an overall accuracy of 84.4%. This heavy reliance on
ancillary data, with elevation and slope the most important features (Figure 4), meant that
removal of ancillary data from the full S-1 RF model resulted in a significant fall in overall
accuracy to about 80% (2-proportion z-test and McNemar’s test with χ2 = 82 and χ2 = 166
respectively; both p < 1 × 10−19). The worst performing features were overwhelmingly the
GLCM textures of the VH band, with 14 of the 15 worst performing features belonging to
this category.
3.2.2. Random Forest: Sentinel-2
Sentinel-2 had greater accuracy than S-1, with both user’s and producer’s accuracies
greater than 90% (Table 1(b)). A 2-proportion z-test and McNemar’s test found the dif-
ference in accuracy between S-1 and S-2 classifications to be highly significant (χ2 = 87
and χ2 = 136 respectively; both p < 1×10−20). Accuracy for the winter image and ancillary
data was 91%, while accuracy for the summer image and ancillary data was 91.2% (no
significant difference for 2-proportion z-test and McNemar’s test). The combined accuracy
for winter, summer and ancillary data was 92.5%. This is significantly higher than for the
summer image on its own (2 proportion z-test χ2 = 7.8, p = 0.005; McNemar’s test χ2 = 18.9,
p = 1 × 10−5).
The SWIR-red ratio (SRR) was the most highly rated feature, followed by elevation and
slope (Figure 4). Accuracy for the combined winter and summer images without ancillary
data was 91.7%. This reduction was not significant in the 2 proportion z-test (χ2 = 2.7,
p = 0.1) but was significant with the McNemar’s test (χ2 = 18, p = 1 × 10−5). The significant
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result for McNemar’s test results from the number of cases of natural forest wrongly
classified as plantation rising more than the number of cases with plantation wrongly
classified as natural forest. Overall, Sentinel-2’s reliance on ancillary data is considerably
lower than for S-1. Of the bands, the red band (B4) performed best: presumably because
the very fast turnover of acacia plantation means that a large fraction of acacia plantation
area was just harvested, a time when the red band could be up to 6 times brighter than
natural forest.












Figure 5. Random Forest (RF) classification using Sentinel-2 images and ancillary data of 5306 acacia plantation and natural
forest shapefiles across the study area: these shapefiles comprise the test set, with the remaining 15868 shapefiles used for
training. Red shapefiles indicate misclassification.
RF classification of both S-1 and S-2 imagery slightly reduced accuracies by 0.2%
compared to the S-2 images on their own (Table 1). However, there was no significant
difference between the accuracies (2-proportion z-test and McNemar’s test). There was a
long ‘tail’ of very poorly performing S-1 features, with the worst 24 performing features
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all being S-1, almost all derived GLCM textures of the VH band. Removal of the 40 worst
performing features gave a small increase in classification accuracy, though this accuracy
of 92.6% was only minutely above that achieved for S-2 imagery alone, and we have to
conclude that the joint use of S-1 and S-2 data does at best little to improve accuracies. This
accords with a previous study [64].
Wrongly classified shapefiles overwhelmingly occurred on the interface between natu-
ral forest and plantation, with large blocks of plantation or natural forest being classified
correctly (Figure 5). S-2 imagery and ancillary data classified 41247.7 ha and 9231.1 ha as
natural forest and plantation respectively, with the reference MARD data giving 41084.8 ha
and 9394 ha as natural forest and plantation respectively.
3.3. Plantation Age
The plantation area of 13,000 ha was being principally managed on short rotation
lengths (Figure 6). Consequently, a third of the area was less than a year old. A quarter
was 4–9 years old and the remaining 40% was between 1–4 years old. A small area (3.5%)
was 8 years old and 4.8% was 9 years old—these areas in fact began to be harvested just
after the end of our study period (June 2020). The mean and median plantation stand ages
were 2.9 and 2.5 years respectively.























      ACTUAL             
Classification  <6 Mon. 6 Mon–1Yr 1–2 Yr 2–3 Yr  3–5 Yr  5–9 Yr  Total  User’s (%) 
<6 Mon.  109  6          115  94.8 
6 Mon.–1Yr.  15  85  9        109  78.0 
1–2 Yr.    5  50  10  2    67  74.6 
Figure 6. Map of acacia plantation ages for February 2018 derived from Landsat time-series for a subset (see inset map) of
our study area.
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We found an overall accuracy of 69.9% in distinguishing between the 6 age classes
of acacia plantation using the S-2 imagery (Table 2). S-1 imagery on its own was largely
ineffective, with an overall accuracy of 48.8%, and was only able to distinguish recently
harvested plantation (<1 year old) from older plantation, and was unable to distinguish
between the different categories of older plantation. The combined use of S-1 and S-2
imagery together resulted in an overall accuracy of 66.8% (the 2 proportion z-test and
McNemar’s test found no significant difference in accuracy with the S-2 classification).
Table 2. Confusion matrix for Sentinel-2 classification of various ages of acacia plantation. Abbrevia-









Classification <6 Mon. 6 Mon.–1 Yr 1–2 Yr 2–3 Yr 3–5 Yr 5–9 Yr Total User’s (%)
<6 Mon. 109 6 115 94.8
6 Mon.–1 Yr. 15 85 9 109 78.0
1–2 Yr. 5 50 10 2 67 74.6
2–3 Yr. 8 43 20 12 83 51.8
3–5 Yr. 5 40 141 56 242 58.3
5–9 Yr. 6 25 81 112 72.3
Total 124 96 72 99 188 149 728
Producer’s (%) 87.9 88.5 69.4 43.4 75.0 54.4
Overall accuracy (%) 69.9
The RF classification performed best on the younger age classes, and struggled with
distinguishing the 3 oldest age classes (2–3 years, 3–5 years and 5–9 years) from each
other: In particular 2–3 Year plantation and 5–9 Year was misattributed as 3–5 Year. In the
combined S-1 and S-2 classification, S-2 bands and derived indices performed much better
than S-1, comprising all 12 top performing features, with NBR, green band (B3) and red
band (B4) in descending order of importance.
4. Discussion
4.1. Plantation and Natural Forest Classification
After harvest the cross-polarised signal (VH) increased within a year to rough parity
with natural forest. The co-polarised signal (VV) also rapidly increases after harvest but
to a backscatter intensity lower than natural forest. Given the thick canopy and minimal
forest clearings in both adult acacia and natural forest, we expect the backscatter to be
dominated by canopy return, with minimal surface scattering. Natural forest may possess a
higher degree of structural variation at S-1 resolution scale, which would result in a higher
backscatter than the smoother acacia plantation canopy. Alternatively, the large, oblong
leaves (about 4 cm × 20 cm) [65] of acacia may result in greater attenuation of the signal
compared with the more diverse leaf sizes of the natural forest (such as tree species from
the families Litsea, Machilus, Lauraceae and Euphorbiaceae) [32].
We found an overall accuracy of 87% in distinguishing natural and plantation forest
using Sentinel-1 imagery. This compares with a Malaysian study [17] that found an overall
accuracy of 90% in distinguishing oil palm, acacia and rubber plantation from natural
forest using S-1. Similarly a study in Indonesia [18] found accuracies of 86% using C-
band SAR in distinguishing oil palm and acacia plantation from natural forest. Similarly,
for S-2 our overall accuracy of 92.5% is similar to previous studies, with 90% accuracy
achieved in mapping acacia plantations in Indonesia [66] using optical SPOT satellite
(10–20 m resolution) imagery, and 86–88% in Vietnam [23] distinguishing natural forest
and plantation (acacia, rubber and eucalyptus combined) using optical and radar data.
Mature plantation is darker than natural forest in the SWIR band, and most similar in
the red band, a difference that led us to suggest as a vegetation index the simple ratio of
the SWIR band to the red band (SRR index, see Section 2.2.2 above), with plantation having
low values of this index compared to natural forest. Usefully, this difference between the
two bands occurs throughout the harvest cycle, with both the red and the SWIR bands
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increasing markedly in value after harvest, so that recently harvested acacia areas should
also appear as dark in a SRR image. SRR values should therefore be lower in plantation
forest than natural forest throughout the harvest lifecycle. Commonly used NIR-SWIR
vegetation indices such as NBR are less useful in this regard, showing up as dark in recently
harvested areas and bright in mature plantation, and having a crossover period when
plantation and natural forest are indistinguishable. However, NBR was the most important
feature for distinguishing plantation age. Therefore, the SRR and NBR vegetation indices
complement each other.
Our time series (Figure 3c,d) showed a greater difference in S-2 bands between planta-
tion and natural forest in the summer than the winter months, but we found no significant
difference between the S-2 classification accuracies for a summer image, taken towards
the end of the dry season, and a winter image, taken shortly after the end of the monsoon.
However, using both these images for classification did significantly raise accuracy. There-
fore even for evergreen forests such as is found in our study area the use of multiple images
can prove useful.
In the study area, on most of the flatter, lower-elevation sites close to villages, the
natural forest has been overwhelmingly replaced by acacia plantation, while natural forest
still dominates the steeper, higher elevation and more remote land. This meant that the
classification accuracy using only ancillary data was extremely high at 84.4%, though the
addition of S-1 or S-2 features did raise accuracy significantly by 3% and 8% respectively.
Further, we note that without the ancillary features S-2 classification accuracy was reduced
only slightly to 91.7%. Despite this, we note the possibility that slope and elevation may be
being indirectly measured in the image values, and the applicability of our results to other
areas where natural and plantation forest are more intermingled, and lie on similar terrain,
should be tested further.
4.2. Plantation Age Classification
Our overall accuracy of 70% using S-2 compares favourably to an accuracy of 82.7%
using Landsat on acacia plantations in Indonesia [67], as this study only classified into 2
categories of less than 5 years and greater than 5 years old. Similarly, a MODIS satellite
study of rubber plantation age [68] found an accuracy of over 97%, but this was again
classifying into only two categories (<4 years and ≥4 years old). A SAR and Landsat
study of rubber plantation age [22] used 3 groups (<5, 6–10, and >10 years old) and found
accuracies of between 80 and 90%.
A noted issue was the use of Landsat imagery to produce the plantation age shapefiles,
and the use of higher resolution S-1 and S-2 imagery to classify these shapefiles. The coarser
resolution of the Landsat imagery (30 m resolution) meant that the Sentinel pixels on the
fringes of the shapefiles could belong to a different age class, or to a non-plantation land-
use, a particularly serious problem for smaller plantation stands. To deal with this issue
we excluded any shapefiles under 25 S-2 pixels (0.25 ha) in area from the classification, and
we used the median value of the shapefile rather than the mean to reduce any distortion
caused by these edge effects. Nonetheless, it seems very likely that the accuracy could be
raised through the use of S-2 imagery to determine age, which will be increasingly possible
as the Sentinel image archive becomes longer.
There is a possibility of using acacia’s short life-cycle to map plantation areas by
using pixel time-series to track areas of harvesting, though this method would face two
drawbacks. Firstly, it would be difficult to identify the small fraction of our study area that
is managed on longer-length rotations. Secondly, while harvesting causes an obvious signal
in both the optical and SAR bands, it is short-lived. This means that a dense time-series
would be necessary, and for optical data it would be easy to miss an acacia harvest due to
the endemic cloudiness of the study area, particularly during the monsoon season.
The Vietnamese government is encouraging plantation managers to increase the rota-
tion length of plantations to increase the supply of higher quality timber for construction
and furniture industries [69]. An improved supply of large diameter timber from forest
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plantations may also reduce illegal logging and degradation of natural forests [8,70]. Per-
ceived risk from diseases, pests and storm damage are a barrier preventing land managers
increasing rotation length and previous attempts to increase rotation length have had
limited success [71]. Our analysis could be exploited to monitor and evaluate the success
of policies aimed at increasing rotation length.
5. Conclusions
The conversion of natural forest to plantation is widespread across much of the tropics.
Most remote sensed products of forest cover only report canopy cover, and can’t distinguish
between natural forest and plantation. We explored whether Sentinel images could be used
to distinguish plantation forests from natural forests in North-Central Vietnam.
For Sentinel-2, we found Random Forest classification accuracies of over 90%, with
the ratio of the Short Wave Infra-Red band to the Red Band the most important feature.
Similarly, for Sentinel-1, acacia plantations had a weak VV and a strong VH backscatter
compared to natural forest for all the plantation’s lifecycle excepting the first six months
following harvesting. At 87%, the classification accuracy using S-1 was significantly poorer
than for S-2, though it still satisfactorily distinguished plantation from natural forest, and
could be used in the absence of optical images. Elevation and slope were consistently
highly rated features, and on their own obtained classification accuracies of 84%, reflecting
the predominance of acacia plantation on the low-lying, flat terrain.
We found Random Forest classification of S-2 imagery was effective at distinguishing
acacia plantation under 2 years old from older plantation, but struggled to distinguish
between the older plantation stands. For both classifying plantation age, and distinguishing
between natural forest and plantation, integration of Sentinel-1 and 2 did nothing to
improve classification accuracy, with the result close to the S-2 classification.
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